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of	 realisable	 structures	 and	 expanding	 upon	 these	 will	 accelerate	 rational	 design.	 In	 this	 review,	 we	
highlight	 some	 of	 the	 methods	 developed	 to	 build	 these	 databases,	 and	 some	 of	 the	 important	
outcomes	resulting	from	large-scale	computational	screening	efforts.	
Summary	
In	 the	 field	of	nanoporous	materials	discovery,	we	are	witnessing	 the	emergence	of	big	data	analytics	
combined	with	 traditional	 computational	 thermodynamics	 calculations.	This	 review	 turns	a	 critical	eye	




pores	 opened	 up	 an	 entire	 field	 of	 research1,2.	 This	 seemingly	 simple	 phenomenon	was	 an	 enormous	
boon	to	the	oil	and	gas	 industry,	seeing	as	how	cheap,	but	effective	porous	materials	could	serve	as	a	
catalyst	 for	 hydrocarbon	 cracking.	 From	 their	 humble	 beginnings	 (being	 carved	 out	 of	 rock	 faces),	
zeolites,	and	their	ability	to	selectively	trap	guests	in	their	pores,	have	become	integral	in	not	only	the	oil	
and	 gas	 industry,	 but	 in	 detergents	 (as	 ion	 exchangers)	 and	 natural	 gas	 purification	 to	 name	 a	 few1.	







envision	 designing	 materials	 for	 virtually	 any	 gas	 separation	 application.	 Thus	 when	 the	 first	 articles	
arose	 in	 the	 1990’s	 characterising	 Metal-Organic	 Frameworks	 (MOFs)4–8,	 and	 later	 Covalent	 Organic	
Frameworks	(COFs)9,10,	Zeolitic	Imidazolate	Frameworks	(ZIFs)11,	and	Porous	Polymer	Networks	(PPNs)12	
the	 excitement	was	 palpable.	 It	was	 recognised	 early-on	by	 Yaghi,	O’Keeffe,	 and	 coworkers13	 that	 the	





common	 trends	 in	 linker-metal	 coordination	 geometries,	 a	 concept	 of	 rational	 design	 called	 reticular	
chemistry	was	 introduced14.	 Here,	 one	 can	 have	 a	 reasonable	 guess	 of	 the	 resulting	material	 form	by	
abstracting	coordination	compounds	to	discrete	building	blocks	called	Structural,	or	Secondary,	Building	




does	 not	 do,	 however,	 is	 give	 researchers	 an	 idea	 on	 how	 well	 materials	 will	 perform	 for	 a	 given	




material	 been	 studied	 for?	 In	 other	 words,	 how	 many	 properties	 have	 been	 overlooked	 for	 a	 given	
material	due	to	limits	on	time,	cost	and	research	ability?	
	
This	 is	where	 computational	 researchers	 have	 become	 integral	 in	 the	 development	 of	 rational	 design	
strategies.	Even	in	an	optimal	setting,	synthesizing,	characterizing,	and	testing	a	new	MOF	can	take	many	
months.	Hence,	we	can	only	expect	 to	synthesize	a	small	 fraction	of	 the	millions	of	possible	MOFs.	As	
predicting	 a	MOFs	 gas	 adsorption	 behaviour	 on	 a	 computer	 is	 significantly	 faster	 (and	 cheaper)	 than	
performing	the	analogous	experiments,	computational	research	is	playing	an	increasingly	important	role	
in	 developing	 strategies	 to	 identify	 the	 most	 promising	 materials	 for	 a	 desired	 application.	 The	
computational	 challenge	 here	 is	 to	 ensure	 one	 uses	 models	 that	 provide	 a	 reasonable	 view	 of	 the	
thermodynamic	 and	 transport	 properties	 exhibited	 by	 a	 material	 (in	 some	 cases	 even	 before	
synthesis!23).	 Moreover,	 accurate	 computational	 models	 can	 provide	 detailed	 information	 about	 gas-




screening	 is	 frequently	 used	 in	 the	 pharmaceutical	 industry	 as	 an	 initial	 step	 to	 identify	molecules	 as	
potential	drug	candidates26.	In	this	case,	virtual	molecule	libraries	are	screened	for	potential	candidates	
computationally,	 which	 are	 then	 subject	 to	 experimental	 clinical	 trials	 to	 evaluate	 them	 in	 vivo.	 In	
addition,	trends	in	activity	with	respect	to	a	drug	target	are	typically	identified	by	abstracting	molecular	
properties	 in	 the	spatial	domain.	Here,	computational	discovery	 is	 typically	 the	 first	 step,	always	 to	be	




One	 major	 challenge	 in	 this	 field	 is	 that,	 unlike	 the	 many	 organic	 molecule	 databases	 available	 for	
pharmaceutical	screening,	there	was	simply	not	enough	available	data	to	perform	large-scale	materials	
screening	 studies.	 The	 default	 study	 involved	 the	 screening	 10	 to	 20	materials	 at	 a	 time38	 in	 order	 to	
tease	out	typical	1-dimensional	structure-property	relationships.	As	we	will	show	in	this	review,	only	in	
very	rare	occasions	the	optimal	material	can	be	captured	with	a	single	volcano	plot	(a	1-dimensional	plot	
of	 property	 vs	 activity	 where	 there	 is	 a	 clear	 peak	 related	 to	 a	 direct	 correlation	 between	 structural	
property	 and	 performance);	 in	 most	 cases	 finding	 the	 optimal	 material	 is	 a	 high-dimensional	
optimization	 problem	 of	 which	 the	 solution	 looks	more	 like	 set	 of	 chemically	 disconnected	 volcanos.	
These	 insights	 could	 only	 be	 obtained	 because	 in	 the	 computational	 domain	 we	 have	 been	 able	 to	
supplement	 these	 10-20	 materials	 with	 libraries	 of	 thousands	 of	 computationally	 generated	
(hypothetical)	materials.	These	libraries	required	novel	strategies	to	assemble	hypothetical	materials	 in	
silico,	 which	 borrow	 heavily	 from	 the	 concept	 of	 reticular	 chemistry.	 	 The	methods,	 the	 databases	 of	
millions	of	porous	 crystalline	 structures	 that	have	arisen,	 their	 computed	performances	 for	 a	 range	of	












class	 possessing	 a	 unique	 distribution	 of	 chemistry	 and	 (from	 L-R)	 crystal	 density,	 void	 fraction,	 largest	 included	 sphere,	 and	
surface	area.	Image	reproduced	with	permission	from	Ref	30.	
	
With	 the	 exception	 of	 the	 Computation	 REady	 (CoRE)	 database39,	 which	 contains	 synthesised	 MOF	
structures	 from	 the	 Cambridge	 Structural	 Database	 (CSD)40,	 all	 of	 these	 databases	were	 developed	 in	





Database	 Size	 Topologies†	 Property	Screening	Studies	












PPNs31	 17,846	 1	(dia)	 CH430,31,	Xe:Kr49	




MOF-74-hMOFs64	 61	 1	(etb)	 CO264	













screened	 for	a	number	of	 applications,	 including	CO2	 capture41,42	 and	 separation43,	methane	 storage30,	








on	each	 SBU	 (left).	When	assembling	HKUST-1,	 an	 initial	 ‘seed’	 SBU	 is	 placed,	 then	a	 recursive	 search	of	 all	 possible	bonding	
combinations	is	attempted	until	there	are	no	free	bonds.	The	topology	of	HKUST-1	is	encoded	in	the	alignment	parameters.	Only	






titled	Automatic	Assembly	of	Secondary	Building	Units	 (AASBU),	borrowed	 ideas	 from	zeolite	and	bulk	
material	 prediction	algorithms75–77.	Namely,	 at	 the	 core	of	 the	AASBU	method	 is	 a	 global	optimization	
technique,	where	MOF	building	blocks	(SBUs)	are	treated	as	rigid	units	containing	‘sticky’	atoms,	and	as	
these	 building	 blocks	 are	 randomly	 perturbed	 in	 a	 large	 simulation	 box	 as	 a	 function	 of	 temperature,	
nearby	sticky	atoms	will	adhere	and	break	to	dictate	the	formation	of	extended	coordination	polymers73.	
This	 algorithm	 samples	 a	 relatively	 large	 number	 of	 degrees	 of	 freedom	during	 the	 assembly	 process,	
which	in	turn,	permits	the	possibility	of	building	many	unique	structures	from	a	single	selection	of	SBUs.	
However,	sampling	so	many	degrees	of	freedom	requires	the	algorithm	to	carry	out	an	expensive	sorting	
step	 through	 large	numbers	of	produced	 structures	 to	 identify	unique	and	crystalline	materials,	which	
limits	 the	use	of	 this	method	 to	generate	 large	databases.	Methods	have	been	presented	 that	 reduce	




The	 remaining	 algorithms	 simplify	 the	 process	 of	 constructing	 crystals	 by	making	 the	 assumption	 that	
SBUs	will	self-assemble	to	form	pre-defined	3D	graph	patterns,	or	nets.	The	first	of	said	algorithms	was	
published	in	2012	along	with	a	database	of	138,000	hypothetically	generated	materials51.	Here	chemical	
building	 blocks	 were	 extracted	 from	 x-ray	 resolved	 experimental	 MOF	 structures	 based	 on	 a	 logical	




of	 a	 crystal	 was	 formed.	 The	method	 of	 assembly	 proceeds	 by	 growing	MOF	 clusters	 in	 this	 fashion,	
starting	with	a	single	SBU	and	 iteratively	attempting	to	add	new	SBUs	to	existing	un-bonded	SBU	sites	




Figure	 3:	 Challenges	 associated	 with	 assembling	 new	MOFs	 with	 the	 tinker-toy	 approach.	 Structural	 symmetry	 may	 require	
explicit	vectors	for	SBUs	and	their	mirror	image.	a)	The	SBUs	required	to	build	MOF-14,	b)	a	visual	depiction	of	the	pto	net,	where	









di-copper	 subunit,	 commonly	 known	 as	 a	 paddlewheel,	 and	 the	 benzene	 tri-benzoic	 acid	 (BTB)	 linker.	
The	symmetry	of	this	network	yields	two	unique	BTB	groups	that	are	chiral	images	of	one	another.	Thus,	




of	 sampling	 the	possible	permutations	of	 combining	nodes	 in	a	growing	graph	 is	 known	 to	be	O(n!)80,	
where	n	is	the	number	of	SBUs	of	the	growing	MOF.	The	algorithm	could	therefore	take	years	to	find	the	
correct	 combination	 of	 SBUs.	 The	 limitation	 of	 the	 tinker-toy	 algorithm	 can	 be	 best	 illustrated	 by	 a	
topological	 analysis	 of	 the	 resulting	 network	 topologies,	 which	 showed	 the	 138,000	 structures	 were	
made	 with	 only	 6	 underlying	 network	 topologies,	 most	 of	 which	 were	 primitive	 cubic	 (pcu)52.	 As	 a	
reference,	 a	 2011	 topological	 study	 on	 coordination	 polymers	 found	 in	 the	 Cambridge	 Structural	
Database	showed	4709	structures	could	be	found	in	more	than	20	unique	topologies	(the	largest	portion	
of	 these	were,	 in	 fact,	pcu	 at	 9.2%)22.	 Likewise	 it	was	 shown	 that	 the	 CoRE	database	 of	 experimental	









best-fit	 SBUs	 onto	 pre-defined	 net	 templates.	 It	 should	 be	 stressed	 that	 while	 recent	 articles84	 and	




The	 first	 topology-based	 algorithm	 for	 generating	 porous	 materials	 was	 presented	 in	 201488	 and	 is	
included	 in	 the	 porous	 characterisation	 software,	 Zeo++89,90.	 Here,	 each	 SBU	 is	 identified	 by	 their	
bonding	 connection	 sites,	 such	 that	 the	 algorithm	 could	 abstract	 a	 certain	 shape	 and	 coordination	




the	 nets	 cell	 dimensions	 are	 adjusted	 to	 best	 fit	 the	 desired	 SBU	 geometries.	 In	most	 cases,	 this	 can	
provide	 valid	 structures	 however,	 as	 the	 geometry	 of	 the	 SBUs	 deviate	 farther	 from	 the	 net	 node	




bonds	 are	 drawn	 between	 connecting	 atoms	 of	 two	 adjacent	 SBUs	 during	 assembly.	 This	 avoids	
ambiguity	 in	the	desired	bonding	of	a	structure	when	the	structural	minimization	takes	place.	Without	
this	 information,	 artificially	 close	 atoms	 could	mistakenly	 be	 considered	 bonded	 together	 resulting	 in	
odd	structural	motifs	and	convergence	problems	during	optimization.		
Because	 this	 algorithm	uses	 nets	 to	 guide	 the	 generation	of	materials,	 issues	 such	 as	 the	presence	of	










(General	 Utility	 Lattice	 Program)93.	 The	 authors	 have	 anticipated	 the	 need	 for	 structural	 relaxation	 of	
generated	hypothetical	materials,	and	have	taken	steps	to	include	atomistic	bonding	and	tailored	force	
field	parameters	in	their	structure	generation	protocol94,95	to	ensure	that	the	resulting	structures	are	in	a	





3-dimensional	net96.	 The	underlying	principle	 is	 the	 same	as	AuToGRaFS92	 and	Zeo++88–90	 in	 that	 a	net	





Most	 databases	 use	 building	 blocks	 that	 are	 known	 chemicals,	which	 limits	 the	 chemical	 diversity	 but	
does	 remove	 some	 uncertainty	 about	 synthesizability.	 In	 addition,	 most	 databases	 have	 used	 some	






analyse	 thousands	 to	hundreds-of-thousands	of	materials	 such	 that	general	 rules	or	guidelines	 for	gas	
adsorption	 behaviour	 can	 be	 observed,	 providing	 insight	 for	 future	 experimental	 efforts.	 In	 general,	
these	studies	highlight	 important	general	physical	characteristics,	such	as	void	fraction	or	surface	area,	
that	 correlate	 to	 strong	 performance	 in	 a	 given	 application.	 These	 studies	 have	 provided	 invaluable	
insight	 into	 the	 remarkable	 potential	 nanoporous	 materials	 have,	 and	 some	 of	 their	 limitations.	 The	
following	discussion	has	been	split	into	several	subsections	that	focus	on	a	few	examples.	Table	1	gives	a	




throughput	screening	of	nanoporous	materials27–37,83.	There	are	several	 reasons	 for	 this,	 the	 first	being	




is	 the	 energy	density	 equivalent	 of	 storing	methane	 in	 an	 empty	 tank	 at	 200	bar,	 a	 pressure	which	 is	
considerably	expensive	to	support	 in	a	vehicle.	This	provides	researchers	with	a	clear	goal	 to	strive	for	
Finally,	it	is	worth	noting	that	computing	methane	adsorption	in	nanoporous	materials	is	one	of	the	most	






adsorption	across	a	 similar	 range	of	porous	materials.	 For	example,	 it	was	 found	 that	a	 region	of	high	
performing	 materials	 possessed	 largest	 cavity	 diameters	 of	 10	 –	 12	 Å31,36,	 a	 region	 which	 was	 later	
expanded	to	8.0	–	14.5	Å	when	a	wider	breadth	of	materials	was	considered30.	Likewise,	several	studies	
show	 that	materials	 with	 volumetric	 surface	 areas	 of	 around	 2100	 -	 2300	m2·cm-3	 and	mild	methane	
heats	of	adsorption	(~11	kJ·mol-1)	are	found	to	have	the	highest	deliverable	capacities.	It	is	remarkable	to	
note	that,	in	light	of	these	exhaustive	studies,	it	was	realised	one	simply	cannot	obtain	the	DOE	target	of	
315	 vol	%	 using	 nanoporous	materials	 as	 the	 adsorbing	media.	 This	was	 proven	 recently35,	 when	 the	
target	 could	 not	 be	 obtained	 even	 when	 artificially	 minimizing	 the	 density	 of	 framework	 atoms	 and	
maximizing	methane	adsorption.	These	artificial	carbon	frameworks	are	shown	in	Figure	4.	
	Figure	4:	Fictitious	frameworks	used	to	demonstrate	the	difficulty	in	obtaining	the	DOE	target	of	315	vol%	deliverable	capacity	of	
methane.	 The	 highest	 these	 extremely	 high	 void	 space,	 carbon-based	materials	 could	 reach	 was	 80%	 of	 the	 target	 (the	 dia	
structure	in	the	top	right	corner).	Image	adapted	with	permission	from	ref	35.	
The	 results	 from	this	body	of	work	exemplify	 the	 reason	 for	 the	creation	of	 the	nanoporous	materials	
genome;	 An	 exhaustive	 search	 for	 the	 ideal	 material	 was	 performed	 across	 an	 enormous	 range	 of	
materials,	the	results	of	which	found	the	maximum	deliverable	capacity	of	methane	could	reach	60%	of	
the	desired	 target.	 This	motivated	a	 thorough	 investigation	on	materials	beyond	what	was	 considered	
synthetically	 feasible,	 and	 demonstrated	 that	 achieving	 the	 target	 deliverable	 capacity	 could	 only	 be	
obtained	when	extremely	unphysical	structures	were	used.	This	insight	has	provided	a	more	realistic	goal	
for	 potential	 commercial	 implementation,	 as	 there	 are	 still	 considerable	 advantages	 of	 having	 nano-
porous	materials	 store	 less	methane	 in	 a	 tank	 at	 65	 bar,	 than	 a	 reinforced	 cylinder,	 using	multi-stage	
compressors	to	reach	the	desired	200	bar	pressure.	
To	 enhance	 the	 expected	 deliverable	 capacity	 of	 these	 materials	 is	 always	 possible	 to	 adjust	 the	
thermodynamic	 conditions	 of	 gas	 cycling	 to	 enhance	 the	 amount	 of	 methane	 recovered	 from	 the	
adsorption	process	(for	example	increasing	the	temperature	to	burn	off	any	residual	methane)37,	albeit	
at	 higher	 costs	 than	 initially	 anticipated.	 Moreover,	 there	 is	 significant	 interest	 in	 flexible	 materials,	
which	 possess	 steep	 steps	 in	 their	 methane	 adsorption	 isotherms	 when	 the	 material	 expands	 and	
contracts101.		
As	 a	 final	 point	 for	 discussion,	 nearly	 all	 of	 these	 screening	 studies	 for	methane	 deliverable	 capacity	
make	correlations	between	geometric	properties	of	the	materials	and	high	performance.	The	properties	
looked	at	are	typically	simplified	descriptors	of	a	very	complex	manifold,	such	as	a	single	numerical	value	
representing	 the	 surface	 area,	 or	 the	 diameter	 of	 the	 largest	 cavity	 in	 a	material	 (which	 assumes	 the	
cavity	 is	 a	 perfect	 sphere).	 The	 simplified	 nature	 of	 these	 descriptors	 limits	 their	 ability	 to	 capture	
important	sorption	characteristics	within	these	materials,	however	it	would	seem	that	combining	them,	
in	 the	 case	 of	 methane,	 was	 somewhat	 successful.	 In	 the	 following	 sections,	 we	 will	 witness	 that	 as	





the	costs	of	 trapping	CO2	 from	mixed	gas	streams,	and	 is	 linked	to	many	applications	 from	natural	gas	
purification	to	post-combustion	capture.	While	removal	of	CO2	from	natural	gas	reservoirs	is	a	matured	
technology	 and	 extensively	 studied102,	 the	 phenomena	 of	 separating	 CO2	 from	 waste	 production	 is	
relatively	new,	and	is	motivated	by	geopolitical	efforts	to	reduce	greenhouse	gas	production	from	major	
industrial	 contributors	 such	 as	 coal-fired	 power	 plants103,104.	 In	 this	 field,	 nanoporous	materials	 could	
replace	 the	 incumbent	 technology,	 aqueous	 amines105,	 by	 reducing	 the	 energetic	 costs	 to	 capture-
regeneration	cycles,	while	eliminating	some	of	its	undesirable	side	effects,	such	as	the	corrosive	nature	
of	the	carbamate	species	formed	from	a	chemical	bond	between	amines	and	CO2.		







have	nevertheless	attempted	 to	provide	metrics	 for	estimating	how	well	 a	nanoporous	material	 could	
perform.	For	example,	the	sorption	selectivity	parameter106	combines	adsorption	data	from	N2	and	CO2	
into	a	single	value,	while	the	parasitic	energy41	represents	a	measure	of	the	loss	of	electricity	production		
from	 a	 coal-fired	 power	 plant	when	 equipped	 downstream	with	 a	 CO2	 scrubber	 and	 compressor.	 The	
idea	behind	this	metric	is	not	only	to	reduce	adsorption	behaviour	in	materials	to	a	single	intuitive	value,	




field.	 For	 example	 it	 was	 demonstrated	 that	 ideal	 zeolitic	 materials	 can	 be	 found	 when	 optimal	 CO2	
adsorption	pockets	are	present	near	 large	channels,	a	design	which	permits	strong	adsorption	and	fast	
diffusion41.	 Interestingly,	 no	 known	 zeolites	 possess	 this	 quality,	 which	 serves	 as	 a	 motivation	 for	
targeted	 zeolite	 synthesis	 efforts.	 Materials	 in	 the	 CoRE	 MOF	 database	 possessing	 alkaline	 or	 alkali	
metals	are	observed	in	75%	of	the	top	performing	materials	(based	on	several	metrics	including	CO2:N2	




field	 used	 (read	 –	 the	 interaction	 energy	 between	 the	 material	 and	 gas	 particle).	 The	 database	 of	
experimentally	 resolved	MOFs	 (CoRE	MOFs)	 possess	 a	much	wider	 range	 of	 chemistry	 and	 topologies	
than	does	 the	database	of	hypothetical	MOFs,	despite	 the	difference	 in	quantity	 (4764	CoRE	MOFs	vs	




In	 lieu	of	 brute-force	 screening	 studies,	 several	works	have	demonstrated	 that	more	 advanced	 search	
techniques	 such	as	a	genetic	algorithm	 (GA)	can	be	used	 to	 identify	 top	performing	materials59,83,91.	 In	
these	 algorithms,	 the	 focus	 is	 on	 refining	 the	 search	 for	 a	 good	material	 by	 modifying	 the	 materials	
‘genes’	 so	 that	 it	 becomes	 superior	 in	 later	 generations.	 What	 these	 genes	 are,	 and	 how	 they	 are	


















it	 is	worth	noting	 that	nanoporous	materials	databases	have	been	mined	 for	other	 gas	 separations	as	
well.	 For	 example	 several	 groups49,54,112,113	 have	 screened	 nanoporous	 materials	 databases	 for	 Xe:Kr	
separation,	an	important	application	for	isolating	isotopes	from	nuclear	waste.	These	studies	show	that	
materials	with	pore	sizes	that	just	fit	a	Xe	particle	will	be	the	most	effective	at	separating	Xe	from	Kr54,113,	









diameter	 for	a	wide	 range	of	nanoporous	materials	at	1	bar	and	298	K	with	a	20:80	molar	Xe:Kr	mixture.	 It	 is	 clear	 that	 the	
diameter	must	be	around	4	Å	to	obtain	high	selectivity	 in	these	materials,	however	a	 large	distribution	of	materials	with	 little	
selectivity	are	observed	at	this	diameter.	b)	Methane	deliverable	capacity	is	plotted	against	a	measure	of	the	surface	area	for	a	
topologically	 diverse	 set	 of	 MOFs.	 The	 materials	 with	 the	 highest	 deliverable	 capacities	 could	 possess	 a	 complete	 range	 of	
surface	area	values.	c)	the	adsorption	of	H2	at	100	bar	pressure	and	248	K	plotted	as	a	function	of	material	void	fraction.	While	a	
clear	 peak	 is	 observed	 at	 ~0.75	 void	 fraction,	 many	materials	 perform	 poorly	 at	 this	 value.	 Each	 point	 is	 color-coded	 by	 its	
isosteric	heat	of	adsorption	at	the	desorption	conditions	of	H2	(2	bar	and	243	K)		d)	the	CO2:N2	selectivity	vs	pore	diameter	which	




In	 another	 case	 of	 clear	 DOE-assigned	 targets,	 H2	 storage	 has	 been	 the	 subject	 of	 screening	
studies56,57,84,114	 for	 the	 possibility	 of	 enhanced	 volumetric	 capacity	 of	 nanoporous	materials.	 The	DOE	
has	set	a	target	weight	deliverable	capacity	of	7.5%	mass	of	H2	per	mass	of	adsorbent	and	a	volumetric	
deliverable	density	of	70	g·L-1	H2115.	It	was	shown	that	the	adsorption	of	H2	gas	in	porous	frameworks	was	
too	 weak	 to	 capture	 enough	 hydrogen	 at	 the	 adsorption	 pressure,	 thus	 a	 database	 of	 hypothetical	
structures	was	constructed	containing	exposed	Mg2+	metal	ions57,	which	provide	strong	adsorption	sites	





















seconds	 vs	 hours	 using	ab	 initio	 calculations125–127.	 This	 is	 a	 vital	 aspect	 of	 a	 screening	 protocol	when	
simulating	hundreds	of	thousands	of	materials.	Using	methods	such	as	the	Density	Derived	Electrostatic	




based	 atomic	 charges,	 a	 new	 set	 of	 QEq	 parameters	 were	 developed	 called	 the	 MOF	 electrostatic-





In	 recognition	 of	 some	 of	 the	 limitations	 of	 parameterised	 methods,	 the	 group	 of	 David	 Sholl	 has	
introduced	 DFT-based	 DDEC	 charges	 for	 2932	 of	 the	 4519	 CoRE	 MOFs128.	 This	 was	 a	 substantial	
undertaking	considering	the	cost	of	computing	these	charges,	however	it	provides	researchers	with	the	
tools	 necessary	 for	 screening	 these	materials	 in	 a	 variety	 of	 applications	 where	 the	 guest-framework	





When	 looking	 at	 these	 screening	 studies	 as	 a	 whole,	 one	 notices	 a	 trend	 in	 the	 general	 approach;	 A	
database	 is	 used	 or	 constructed	with	 chemically	meaningful	 constituents,	 followed	 by	 screening	 for	 a	
thermodynamic	 property,	 and	 finally	 structure-property	 relationships	 are	 examined	 from	 2	 or	 3-
dimensional	plots	of	performance	as	a	function	of	material	descriptors.	The	descriptors	include,	but	are	
not	limited	to	pore	dimensionality,	surface	area,	and	void	fraction,	which	can	be	calculated	with	several	
programs	 available	 for	 academic	 use89,90,129,130.	 Because	 of	 the	 dimensionality	 reduction	 of	 these	
descriptors	 from	 the	 complex	 3-dimensional	 pores	 of	 a	 material	 to	 one-dimensional	 values,	 the	
relationships	are	usually	not	straight-forward.		
	
One	of	 the	most	 important	 tests	one	can	perform	on	 these	 relations	between	material	descriptor	and	
performance	is	to	determine	how	predictive	they	are,	 i.e.	 if	we	are	given	a	structure,	can	we	predict	its	
performance,	say	 in	CO2	separations,	based	on	 its	surface	area,	pore	size,	or	pore	volume?	There	have	
been	several	 recent	 studies	dedicated	 to	answering	 this	question	using	models	developed	by	machine	
learning32,45,114,131–134,	a	field	that	is	becoming	extremely	powerful	in	materials	science135,136.	It	was	shown	
that	 	 1-dimensional	 geometric	 descriptors	 are	 able	 to	 successfully	 predict	 adsorption	 at	 high	
pressures134,137	 and	 low	 temperatures114,	 using	 representative	 datasets	 of	 materials	 to	 train	 machine	
learning	 models.	 These	 models	 are	 however,	 rather	 poor	 at	 predicting	 performance	 at	 lower	 gas	
densities,	 in	 pressure	 regions	 of	 0	 –	 1	 bar134.	 This	 is	 likely	 due	 to	 the	 oversimplified	 nature	 of	 these	




such	as	F,	Zr,	and	V134.	This	was	due	 to	 the	 lack	of	 representation	of	 these	materials	 in	 the	dataset	of	
MOFs	 used	 to	 train	 the	 SVM	 model,	 which	 raises	 an	 extremely	 important	 implication	 on	 materials	
databases	moving	 forward;	materials	 diversity.	Due	 to	 the	 complex	 landscape	of	 adsorbate-adsorbent	









nanoporous	 materials	 by	 grouping	 similar	 materials	 together138.	 This	 tool	 presents	 an	 enormous	
opportunity	for	use	in	future	machine-learning	studies,	as	well	as	database	curation.	
	Figure	 6:	 Development	 and	 usages	 of	 a	 descriptor	 using	 topological	 data	 analysis	 technique.	 a)	 Procedures	 to	 develop	 a	
descriptor	 based	 on	 pore	 shapes	 in	 nanoporous	 materials.	 The	 first	 step	 is	 preparation	 of	 a	 set	 of	 points	 to	 represent	 pore	
structure	 inside	 a	 nanoporous	material	 using	 the	 open-source	 software	 Zeo++	 89,90.	 Next,	 using	 the	mathematical	 concept	 of	
persistent	 homology139,	 the	 set	 of	 points	 are	 analyzed	 and	 the	 resulting	 information	 about	 pore	 structures	 are	 encoded	 as	
barcodes.	 The	barcodes	play	a	 role	as	a	descriptor	 for	 identifying	and	 comparing	materials.	 b)	Materials	 from	 the	CoRE-MOF	
database	that	have	a	similar	pore	geometry.	Each	row	gives	examples	of	materials	that	are	very	similar.	The	ones	that	are	listed	









materials	 genome	 initiative.	 Databases	 of	materials	 totaling	 over	 3	million	 structures	 including	MOFs,	
COFs,	Zeolites,	ZIFs,	and	PPNs	developed	in	silico,	or	extracted	from	the	Cambridge	Structural	Database	
have	 been	 collected	 under	 this	 program	 to	 provide	 a	 chemically	 and	 topologically	 diverse	 range	 of	
materials.	 The	 overarching	 goal	 of	 this	 initiative	 is	 the	 broad	 concept	 of	 “materials	 discovery”,	 which	
brings	to	mind	many	interpretations	for	a	given	application.	We	can	narrow	this	to	three	main	concepts;	
that	of	 identifying	candidates	for	synthesis,	 identifying	transferrable	properties	 for	rational	design,	and	
identifying	limits	to	performance.	All	of	which	have	been	tackled	in	a	handful	of	gas	storage	applications.	
Some	 of	 the	 insight	 gained	 from	 this	 field	 of	 study	 has	 already	 been	 invaluable	 in	 the	 fields	 of	 CO2	
sequestration,	methane	and	hydrogen	storage.	
As	this	 field	begins	to	reach	maturity,	several	challenges	still	 remain.	Recent	methods	 for	enumerating	
hypothetical	 structures	 based	 on	 topological	 blueprints	 have	 provided	 rapid	 deployment	 of	 new	
topologically	and	chemically	diverse	materials.	However,	the	approach	of	using	SBUs	as	building	blocks	
may	 be	 too	 simplistic,	 considering	 the	 coordination	 geometries	 observed	 in	 a	majority	 of	 synthesised	
MOF	 materials	 appear	 to	 lack	 the	 typical	 geometric	 shapes	 of	 some	 widely	 studied	 organo-metallic	





metal	 combination	 any	 of	 the	 known	 zeolite	 or	 hypothetical	 zeolite	 structures.	 However,	 we	 cannot	
predict	which	of	these	millions	of	possible	structures	will	form	experimentally.	While	there	are	examples	
of	focused	studies	on	a	handful	of	materials141,	 if	more	data	on	synthesis	conditions	of	these	materials	
become	 available,	 big-data	 analysis	 tools	may	 give	 us	 some	 insights	 in	 possible	 correlations	 between	
synthesis	conditions	and	the	structure	that	will	form.	
With	the	novel	tools	developed	to	enumerate	these	materials,	we	now	have	a	path	to	arguably	too	many	
materials.	 The	 focus	 must	 now	 switch	 from	 collection	 to	 curation;	 how	 to	 develop	 a	 diverse,	 and	
importantly,	evenly	distributed	database	of	materials	for	future	screening	efforts.	Ensuring	quality	over	
quantity	 is	 not	 an	 easy	 task,	 when	 diversity	 bounds	 and	 differences	 between	 materials	 are	 still	 an	




computationally	 efficient	 to	model	 gas	 adsorption	 in	 these	materials	while	 assuming	 the	atoms	 in	 the	
framework	 do	 not	move	 (rigid	 approximation).	One	 can	 argue	 that	 these	 studies	 are	 the	 low	hanging	







that	 of	 zeolites	 and	 dense	 hybrid	 materials,	 affecting	 their	 commercial-scale	 implementation150.	
Computational	studies	on	the	mechanical	stability	of	these	materials	are	still	quite	focused	and	typically	
require	quantum	chemical	calculations	to	provide	accurate	results86.	Moreover	many	of	these	materials	
are	 sensitive	 to	water,	 and	while	one	 can	 compute	a	measure	of	hydrophobicity	 in	 these	materials	 to	
give	an	idea	of	their	permanence	in	water66,	 investigating	chemical	pathways	to	water	degredation	can	
be	extremely	computationally	expensive	for	a	single	material151–154.	While	accurate	calculations	of	water	
stability	 are	 currently	 too	 expensive	 for	 these	materials	 databases,	 creative	 development	 of	 chemical	
descriptors	 that	 correlate	 well	 with	 observed	 water	 degradation	 trends	 would	 fill	 an	 important	
knowledge	gap.		
These	 properties	 introduce	 a	 broad	 range	 of	 challenges,	 the	 primary	 of	 which	 is	 to	 accurately	model	
time-dependent	thermodynamic	behaviour	with	computationally	cheap	classical	 force	 fields	developed	
specifically	 for	 nanoporous	 materials.	 	 We	 are	 beginning	 to	 witness	 efforts	 towards	 developing	
generalized	force	fields	for	these	applications155–159.		
More	 ambitious	 applications	 for	 these	 	 databases	 are	 to	 characterize	 their	 performance	 in	 other,	
emerging	applications	such	as	catalysis	or	sensing.	For	these	applications	one	needs	an	understanding	on	
how	 porous	 materials	 respond	 to	 external	 stimuli.	 These	 types	 of	 calculations	 require	 state	 of	 art	
quantum	 calculations,	 which	 are	 at	 present	 too	 time	 consuming	 for	 any	 large-scale	 screening.	 In	




that	 the	 collection	 of	 all	 databases	 of	 nanoporous	 materials	 represents	 the	 most	 complete	 and	
sophisticated	knowledge	base	of	possible	variations	of	known	materials.	Also,	the	molecular	simulation	
techniques	that	have	been	used	to	make	predictions	have	been	validated	such	that	for	the	large	majority	
of	materials	 very	 reasonable	 predictions	 can	 be	made.	 If	 one	would	 like	 to	 know	what	 the	maximum	
performance	of	these	materials	for	a	give	application,	a	screening	of	say,	100,000	materials	will	give	us	
the	best	estimate	what	the	current	state	of	the	art	can	bring	us.	 It	will	be	interesting	to	see	whether	a	






forward.	 These	 databases	 will	 soon	 be	 publically	 available	 on	 the	 Materials	 Cloud	
(http://materialscloud.org/archive/)	 to	 foster	 collaboration	 and	 the	 distribution	 of	 knowledge.	 	 It	 is	
anticipated	that	experimental	groups	will	be	able	to	upload	their	new	structures	and	compare	with	big-
data	predictions	of	similar	structures,	while	suggestions	can	be	given	for	promising	applications	of	these	
materials.		
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